INTRODUCTION
Estimating food quality by correlating sensory evaluation results and instrumental measurement has been widely studied (Chen, et al., 2005; Jeong, et al., 2013; Lee, et al., 2014) . Texture characteristics of cooked rice play a major role in the selection of properly cooked rice (Nishinari, 1996) . Recently, estimating cooked rice quality by instrumental measurements -Toyo taste meter and eating quality indicator -has been conducted by correlating consumer acceptance ratings in order to find out which instrumental parameters were related with consumer acceptance. Kwak et al. (2015a) have shown differences in drivers' liking and disliking of aseptic-packaged cooked rice based on consumer acceptance and two instrumental measurements using partial least square regression (PLSR) analysis. The instrumental measurements were not highly correlated with consumer acceptability or many descriptive attributes in aseptic-packaged cooked rice. For frozen-cooked rice, hardness and stickiness based on the texture analyzer were highly correlated with consumer acceptance (Kwak et al., 2015b) . However, these studies were mainly focused on the relationship between consumer acceptance and instrumental quality measurement rather than the relationship between attribute intensities and texture profiles.
Several researchers have studied instrumental evaluation of cooked rice texture in order to estimate the intensities of texture attributes from descriptive analyses. One of the widely used instrumental texture measurement methods was Ottawa extrusion cell (Juliano, et al., 1984; Meullenet, et al., 1998) . However, the dimensions of traditional Ottawa cell require a large amount of samples (approximately 100 g) for evaluation. After the introduction of Ottawa cell for rice texture measurement, a extrusion cell method with lower amount of cooked rice was designed to measure cooked rice texture (Sitakalin and Meullenet, 2000) . The results showed a more accurate predictive model by the small extrusion cell analysis.
Applying appropriate statistical methods to analyze these results are necessary in order to deliver a better estimation model. Traditionally PLSR was used for the estimation by using the entire results (Kwak et al., 2015a; Meullenet, et al., 1998) . If there are noise results that distort the average results, these outliers would be negatively influence the validation of the estimation model. Jackknife resampling method (JRM) is the statistical method for optimization by deleting noise data (higher than ±2 standard deviations) from the full statistical model (Martens and Martens, 2001) . By removing the noise data, there would be a higher chance to generate a more robust predictive model for estimation. Therefore, the objective of this study was to estimate sensory texture attributes of cooked rice by an instrumental texture measurement named spectral stress strain analysis (SSSA) using two regression models, PLSR analysis and JRM.
MATERIALS AND METHODS

Rice samples
All varieties were harvested from the University of Arkansas Rice Research and Extension Center at Stuttgart, AR, USA. Moisture contents of harvested rice were ranged 17 -19% (wet base). Three long grain rice varieties (Oriza sativa var. Drwe, Bengal, and Kaybonnet) were used for the evaluation and total numbers of rice samples were 102. Samples were dried (12 -13% w/w) and stored by the University of Arkansas Rice Processing Plant.
Descriptive analysis
Eleven trained panelists with three years of experience in Spectrum descriptive analysis method (Meilgaard, et al., 1999) evaluated eleven texture attributes for 102 cooked rice samples. Attributes evaluated and their definitions are presented in Table 1 . The eleven attributes were intensified during four evaluation stages following the general procedure for eating cooked rice. During the initial stage of evaluating cohesion of bolus, particles size and adhesiveness to lips were evaluated. In the second stage, hardness and cohesiveness were evaluated by compressing samples between lips followed by releasing the samples to determine the intensities of attributes. During the chewdown stage that panelists used to masticate the cooked rice, cohesiveness of mass, roughness of mass, and toothpull were evaluated. During the last stage, the panelists evaluated toothpack, loose particles, and residual film related to mouthfeel after eating cooked rice.
Rice (300 g) was washed using a tap water and then put into an electronic rice cookers (National, model SR-W10FN, National Co., Osaka, Japan) with 600 g of tap water (Meullenet, et al., 1999) . Samples were transferred to glass bowls preheated at 75 ± 2 o C, and the glass bowls were put into Styrofoam cups and covered with watch glasses to minimize temperature change. Water and soda cracker were provided to individual panelists to clean their palate between samples. The panelists evaluated one sample at a time in individual booths under incandescent lighting. During the evaluation sessions, fifteen samples were presented at each session and twelve samples were presented at the last session with a random sample order. A warm-up sample was presented to the panelists prior to the actual evaluations. Panelists used paper ballots and the 16-point category scale labelled from '0' on the left side and '15' on the right side.
Instrumental texture analysis
Temperature was closely monitored during the test because it could affect rice texture (Okabe, 1979) . Room temperature was not effective for measuring texture of cooked rice (Meullenet, et al., 1998; Meullenet, et al., 1999) . In addition, room temperature could be different from the temperature of cooked rice for descriptive analysis. In order to maintain temperature of the cooked rice same as the descriptive analysis, individual small batch cooking was applied. Briefly, milled rice (10.0 g) and water (17 g) were put into a 100 mL beaker and cooked using an electronic rice cooker (National, model SR-W10FN) under steam conditions. For uniform cooking, beakers were placed at the center of the cooker and had 1 cm distance from the side of the cooker. Water (350 mL) was added to the ricecooker for equivalent heat transfer to the beakers. Rice was steamed for 30 min with the regular cooking option.
The measurement of cooked rice texture was performed using SSSA (Sitakalin and Meullenet, 2000) . Extrusion cells were removed to be cleaned one at a time from the rice cooker. Instrumental testing was performed immediately after getting out of a beaker from the rice cooker. Instrumental texture measurement was conducted using a texture analyzer (model TA-XT2i, Texture Technologies, Scarsdale, NY, USA). The testing conditions were a 25 Kg load cell, 2.0 mm/s of cross-head speed, and 85 mm total distance. A typical force deformation curve and stages by SSSA is shown in Fig. 1 . The curve was divided into four stages; packing, compression, extrusion, and tension (Fig. 1) .
Statistical analysis
Unscrambler (version 7.5, CAMO, Throndheim, Norway) was used to generate predictive models in this study. PLSR was used for predicting descriptive sensory attributes from force-distance data of the texture profile analysis. Full cross-validation method was employed to evaluate model robustness. The JRM was employed to remove instrumental variables that created noise in the evaluations. The calibration model correlation coefficient (Rcal), full cross validation correlation coefficient (Rval), root mean square error of calibration (RMSEC), and root mean square error of prediction (RMSEP) and robustness (RMSEP/RMSEC) were presented to compare two predictive models (Lee, et al., 2008) .
RESULTS AND DISCUSSION
Texture attributes of cooked rice by sensory evaluations were predicted using an instrumental measurement (Kwak, et al., 2015a; Meullenet, et al., 1999) . Predictive parameters for PLSR analysis and JRM were shown in Table 2 . The robustness values for each attribute were close to 1 in Table 2 ; therefore, the statistical models in this study were appropriate (Lee, et al., 2008) . For the attributes in the initial stage, cohesion of bolus and adhesion to lips were well predicted by two statistical models. Cohesion of bolus (Rcal = 0.71) showed significant improvement of the model statistics by JRM (Rcal = 0.78). Especially, Rval (0.72) by the JRM was better than that (0.64) from The force required to separate the jaws during mastication
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Chew sample with molars, swallow and evaluate the PLSR. The RMSEC (0.43) and RMSEP (0.49) of the optimized model were lower than those from the full predictive model. This meant that the data are located close to the average of the data (RMSEC) and the predictive model (RMSEP). Adhesion to lips was the best predictive attributes by the texture analyzer. Rcal by PLSR was 0.75; while the Rval by the PLRS was lower as of 0.68. The JRM showed lower RMSEC and RMSEP than those values from the PLSR analysis. JRM showed better prediction for adhesion to lips than PLSR. Contrary to the cohesion of bolus and adhesion to lips, particle size was poorly predicted by optimized model (Rcal = 0.30). Optimization of the model resulted in a slight improvement in the correlation coefficient (Rcal = 0.46). Particle size was not closely related to the texture of cooked rice but related to the shape so that there was a low correlation coefficient between the results from the descriptive analysis and the texture analyzer. Kwak et al. (2015a) reported low correlation coefficients between instrumental measurements and descriptive attributes of aseptic-packaged cooked rice for indirect attributes such as color, transparency, and kernel size, which were the appearance rather than the texture attributes.
For the first bite/chew stage, hardness was well predicted by the texture analyzer (Rcal = 0.69) for the full model with a low RMSEC (RMSEC = 0.28, Table 2 ). The optimized model had a correlation coefficient of Rcal = 0.72 and RMSEC = 0.27, which showed slight improvement compared to the full model. The optimized predictive model showed better prediction cohesiveness. The correlation coefficient for the full model for cohesiveness was 0.44, while the optimized model had 0.69. Improvement of the model statistics was shown removing outliers of the results from the texture analyzer throughout the JRM. The RMSEC and RMSEP became lower as the JRM applied for cohesiveness.
In chewdown stage, the attributes were moderately estimated by presenting 0.51 -0.62 of Rcal. Cohesiveness of mass and toothpull were slightly better by the JRM when looking at Rcal and Rval (Table 2) . Removing outliers were not well effective for these attributes. The full optimized model showed better prediction of roughness of mass (Rcal = 0.62) than the optimized model (Rcal = 0.51). Since roughness of mass was the attributes for the perception of surface of cooked rice mass in mouth (Table 1) , it was close to the surface feeling during masticating of the sample and not directly related to the texture characteristics measured by the texture analyzer.
For residual attributes, residual film and loose particles were poorly estimated by the PLSR and JRM models (Rcal = 0.12 -0.32, Table 2 ). The lower Rcal values would be that these attributes were not directly related to the texture parameters from the texture analyzer. Residual feeling and loose particles (Table 1) were almost impossible to estimate by the texture analyzer. These characteristics were the perception by the mouth and tongue rather than the physical characteristics measured by the texture analyzer. Toothpack was moderately estimated by the PLSR (Rcal = 0.59) and the JRM (Rcal = 0.60). Since the definition of toothpack was 'the amount of product packed into the crowns of your teeth after mastication (Table 1) ' it was related to the stickiness characteristic, which can be measured by the texture analyzer. The optimized model, however, did not show significant increase in the prediction of toothpack.
When looking at the attributes in each stage, the texture measurements in the initial, first bite/chew and chewdown stages could be estimated more accurately than the residual stage. Cohesion of bolus, adhesion to lips, and hardness showed strong Rcal based on the JRM (Rcal > 0.7). In addition, cohesiveness showed Rcal close to 0.7. Texture sensory attributes for the chewdown stages showed moderate correlations with Rcal of 0.51 to 0.60. The subjects evaluated the attributes in chewdown stage after several mastications; therefore, one-bite texture measurement system in this study might not reflect the attributes in chewdown stage accurately. Lee et al. (2009) also reported that such attributes being assessed throughout the chewdown stages as hardness of mass, cohesiveness of mass and number of chews were better predicted by the mastication assessment systems in poultry. The SSSA might have higher accuracy for estimating the texture sensory attributes at the early biting/chewing stage of cooked rice.
CONCLUSION
Two regression models -PLSR and JRM -were applied to estimate sensory texture attributes of cooked rice using the results from the texture analyzer. The JRM showed slightly stronger relations than the PLSR when estimating sensory attribute using the texture analyzer. Removing outliers from the full optimized model, PLSR, was proven to be effective to increase calibration model correlation coefficient and to decrease root mean square error of calibration in general. Due to the limitation of the texture analyzer, statistical models for estimating sensory texture attributes were appropriate only for sensory texture attributes directly related to the texture characteristics. Human evaluation is necessary for non-texture attributes of cooked rice. Throughout this study, cohesion of bolus, adhesion to lips, hardness, cohesiveness, toothpull and toothpack, which were directly related to the texture parameters, were able to estimate their intensities using the texture analyzer.
